The ability to temporarily store and manipulate information in working memory is a hallmark of human intelligence and differs considerably across individuals, but the structural brain correlates underlying these differences in working memory capacity (WMC) are only poorly understood. In two separate studies, diffusion MRI data and WMC scores were collected for 70 and 109 healthy individuals. Using a combination of probabilistic tractography and network analysis of the white matter tracts, we examined whether structural brain network properties were predictive of individual WMC. Converging evidence from both studies showed that lateral prefrontal cortex and posterior parietal cortex of high-capacity individuals are more densely connected compared with low-capacity individuals. Importantly, our network approach was further able to dissociate putative functional roles associated with two different pathways connecting frontal and parietal regions: a corticocortical pathway and a subcortical pathway. In Study 1, where participants were required to maintain and update working memory items, the connectivity of the direct and indirect pathway was predictive of WMC. In contrast, in Study 2, where participants were required to maintain working memory items without updating, only the connectivity of the direct pathway was predictive of individual WMC. Our results suggest an important dissociation in the circuitry connecting frontal and parietal regions, where direct frontoparietal connections might support storage and maintenance, whereas subcortically mediated connections support the flexible updating of working memory content. Author contributions: M.E. and J.D. designed research; M.E. and J.D. performed research; M.E. and C.M. contributed unpublished reagents/analytic tools; M.E. analyzed data; M.E., C.J.F., M.T., and J.D. wrote the paper.
Introduction
Humans and nonhuman primates have developed a remarkable capacity to store and manipulate information "online." This process, referred to as working memory, is fundamental for many perceptual and cognitive abilities (Fukuda et al., 2010; Johnson et al., 2013) and is closely linked to general intelligence (Conway et al., 2003) . The capacity of working memory (WMC) varies substantially across individuals (Cowan, 2001; Luck and Vogel, 2013) , but the neural correlates of individual differences in WMC are at present only poorly understood.
Recent studies using fMRI and EEG suggest that differences in WMC can be partly attributed to differences in attentional processes involved in the selection of relevant and filtering of irrelevant information (Vogel and Machizawa, 2004; McNab and Klingberg, 2008; Luck and Vogel, 2013) . Irrelevant information consumes unnecessary capacity, and it has been shown that lowcapacity individuals tend to encode irrelevant information to a greater extent than high-capacity individuals (Vogel et al., 2005; Luck and Vogel, 2013) . The effectiveness of filtering out irrelevant information thus may form a critical basis for the capacity limit of working memory (Kane and Engle, 2002; McNab and Klingberg, 2008) . The prefrontal cortex (PFC) forms the top of a hierarchy that, on the one hand, enables robust maintenance (Cohen et al., 1997; Curtis and D'Esposito, 2003) and selective boosting of WM storage in posterior parietal cortex (PPC) (Edin et al., 2009 ) and, on the other hand, allows for filtering of WM representations via frontostriatal connections (Alexander et al., 1986) , where the basal ganglia and the thalamus act as a gate that support the flexible updating of WM contents in a taskdependent manner O'Reilly and Frank, 2006; McNab and Klingberg, 2008) . This interpretation is in line with the predominant view of the PFC as a key region for executive control (D'Esposito et al., 1995; Miller and Cohen, 2001; Baddeley, 2003) and integrates well with the proposal that individual differences in WMC are a function of differences in the efficiency of executive control processes (Engle and Kane, 2004) .
Studies exploring the structural correlates of WMC using diffusion MRI (dMRI) linked higher WMC to higher white matter "integrity" in frontoparietal regions (Nagy et al., 2004; Klingberg, 2006; Takeuchi et al., 2010) . However, it is an open question how specifically these structural properties contribute to individual differences in WMC. One possible explanation is that higher white matter "integrity" improves information processing capacities of the brain in an unspecific manner, and thereby allows for faster information transfer and enhanced communication between frontal and parietal brain regions (Nagy et al., 2004; Karlsgodt et al., 2008) . Alternatively, the anatomical basis for individual differences in WMC may be grounded in different contributions of two anatomical pathways connecting frontal and posterior parietal regions, a direct corticocortical pathway connecting prefrontal and parietal regions via the superior longitudinal fasciculus (Klingberg, 2006) , associated with maintenance and boosting of WM storage in parietal regions (Edin et al., 2009) , and an indirect pathway via the striatum and thalamus (Alexander et al., 1986; Clower et al., 2005) that was implicated in gating and flexible updating of WM content McNab and Klingberg, 2008) .
To test this hypothesis, we measured participants' WMC using two different working memory tasks, and examined the anatomical contribution of direct versus indirect anatomical pathways to WMC differences using dMRI. The WM task in Study 1 involves maintenance and frequent updating of to-be-remembered items and should therefore rely on both the direct and indirect pathways. In contrast, Study 2 involves maintenance of to-be-remembered items but no updating and should therefore rely exclusively on the direct pathway.
Materials and Methods
Participants. Healthy volunteers participated with informed consent in accordance with the local ethics committee of the University Hospital in Cologne, Germany (Study 1: N ϭ 70, 32 female, age 25 Ϯ 3 years, mean Ϯ SD; Study 2: N ϭ 109, 56 female, age 25 Ϯ 4 years). Study 1 and Study 2 are independent samples (i.e., none of the participants of Study 1 participated in Study 2 and vice versa). An independent set of 20 participants (10 female, age 24 Ϯ 2 years) completed the behavioral tasks from Study 1 and Study 2, without structural imaging, to assess the similarity of the two different WM tasks.
Working memory tasks. Before image acquisition, participants performed a working memory task that was used to quantify individual WMC. In the WMC task of Study 1, each trial involved the presentation of 2-7 numbers between 1 and 9, on a 3 ϫ 3 grid (Wilhelm and Oberauer, 2006) . Participants were instructed to maintain and update these numbers (ϩ1/Ϫ1) based on instructions indicated by an upward or downward pointing arrow, respectively ( Fig. 1A) . By the end of a trial, a question mark appeared in one of the cells, and participants had to enter the resulting updated number using a keyboard. Working memory span was calculated using the partial credit unit scoring method, in which credit is given to partly correct items, resulting in WMC scores in the range between 0 and 1 (Conway et al., 2005) .
The task used in Study 2 was a digit forward span test from the Wechsler Adult Intelligence Scale (WAIS-IV) (Wechsler, 2009) . Here, participants had to remember and recall (interval: 5 s) a sequence of verbally presented digits (between 1 and 9; compare Fig. 1B) . The sequences started with 2 items and increased in difficulty up to 10 items. If a sequence was correctly repeated after the delay, the number of items for the next sequence increased by 1. If a sequence was incorrectly repeated, a different sequence of the same length was presented. The task concluded when both sequences of a given length were incorrect. Raw WM scores were calculated by adding the number of correctly recalled items. For the final pair of sequences (i.e., the sequences that were both incorrect), the sequence with more correct items was taken into account. For example, if a participant correctly recalled at least one sequence up to a load of 4, they would receive 9 points (2 ϩ 3 ϩ 4) for these sequences. For the final sequences with a load of 5, they might have received 4 points for the first sequence and 3 points for the second. In this case, the first sequence would be taken into account, and the final raw WM score would be 13 points. The points were transformed into scaled WMC scores, ranging from 0 to 19, according to age-specific norm tables of the standardized test manual of the WAIS-IV.
Importantly, the working memory tasks in Study 1 and Study 2 differed with respect to component processes. The complex WM span task in Study 1 required participants to maintain and update information, whereas the forward span task in Study 2 only required maintenance. As explained in the introduction, we hypothesized that these component processes would rely on dissociable white matter pathways (Fig. 1C) .
Image acquisition. High-resolution T1-weighted images were acquired using a Siemens 3T Trio scanner (12-channel array head coil; maximum gradient strength 40 mT/m) with a whole-brain FOV (MDEFT3D; TR ϭ 1930 ms, TE ϭ 5.8 ms, 128 sagittal slices, resolution ϭ 1 ϫ 1 ϫ 1.25 mm 3 , flip angle ϭ 18°). Diffusion-weighted data were collected using spin-echo EPI (twice refocused spin-EPI; TR ϭ 9000 ms, TE ϭ 87 ms, 72 axial slices, resolution ϭ 1.7 ϫ 1.7 ϫ 1.7 mm 3 ). Diffusion weighting was isotropically distributed along 60 directions (b-value 1000 s/mm 2 ). Finally, seven images without diffusion weighting were acquired at the beginning and after each block of 10 diffusion-weighted images, providing an anatomical reference for motion artifact correction. To increase the signal-tonoise ratio of the diffusion-weighted images, the arithmetic mean across three consecutive scanning sessions was computed. Image acquisition parameters were the same for Study 1 and Study 2.
Node definition. Network nodes were constructed by parcellating 116 regions from the automated anatomical labeling atlas (Tzourio-Mazoyer et al., 2002) into 1040 approximately equally sized regions ( Fig. 2A ; voxels per region: 33.5 Ϯ 6.8, mean Ϯ SD; voxel size: 2 ϫ 2 ϫ 2 mm 3 ). This map was registered from the MNI space to each participant's native dMRI space, preserving discrete values using a nearest neighbor interpolation method (Gong et al., 2009; Cao et al., 2013) . The computational costs of the network computation increase exponentially with the number of nodes; therefore, the number of 1040 nodes appeared to be a good compromise between reasonable spatial resolution and computational feasibility. For each participant, the estimation of the local connectivity distribution took ϳ24 h, and the probabilistic tractography for the 1040 seed regions took ϳ260 h using a single-core central processing unit.
White matter tractography. We performed probabilistic tractography using FSL FDT, version 3.0 (Behrens et al., 2003) with default parameters. From each of the 1040 seed regions, 5000 ϫ n streamlines were sampled, where n is the number of voxels in one region ( Fig. 2A ). The resulting connectivity probability for two regions i and j is given by the number of fibers starting in region i and passing through region j divided by 5000 ϫ n. Because of the nature of the probabilistic tracking, the resulting connectivity probabilities between two regions (i.e., a ij and a ji ) is not necessarily the same, albeit highly correlated. We defined an undirected connectivity matrix A by averaging both probabilities for every pair of nodes ( Fig. 2B) . Notably, all further analyses were performed on the weighted connectivity matrix, taking into account the probabilistic nature of the tractography results and circumventing the problem of finding an arbitrary threshold when converting weighted into unweighted matrices (Cao et al., 2013; de Reus and van den Heuvel, 2013) .
Network analysis. Our first goal was to identify brain regions in which the white matter connectivity correlated with WMC. To achieve this, we used a graph-theoretical measure of node-specific network centrality that quantifies the connectivity of a single node in one value. In a second step, we sought to further quantify the connectivity of the identified brain regions using dMRI tractography. For each participant, based on the white matter network A, we calculated the weighted degree for each network node. Degree is a network centrality measure that reflects how well a certain node is connected to all other nodes in the network and that has been shown to be a sensitive ( Working memory tasks and outline of expected results. Working memory tasks used in (A) Study 1 ("maintenance and updating") and (B) Study 2 ("maintenance"). C, Expected dissociation of the functional roles of two anatomical pathways connecting frontal and parietal brain regions. Based on previous fMRI results, we predicted that individual WMC in Study 1 (involving WM updating) depends on a direct corticocortical pathway and an indirect subcortically mediated pathway. In contrast, for Study 2 involving only WM maintenance, we predicted that individual WMC depends only on the direct pathway (see Materials and Methods). Th/BG, Thalamus/basal ganglia. human brain networks. Further, degree-based connectivity measures have been found to yield robust results for different network construction methods and different node resolutions (Zhong et al., 2015) . The weighted degree k of a node i is defined as follows:
Individual degree maps were registered to the MNI151 1 mm template and spatially filtered (FWHM ϭ 5 mm) to account for anatomical variability across participants. Group-averaged degree maps for Study 1 and Study 2 are shown in Figure 2C .
Predicting WMC from network connectivity. A GLM was used to predict WMC from degree maps (i.e., for individual voxels) across participants, separately for Study 1 and Study 2. The GLM included age and gender as variables of no interest. Resulting statistical maps were corrected for multiple comparisons using cluster correction with FSL's cluster command (z ϭ 2.33, cluster significance threshold, p Ͻ 0.05) and projected to the inflated gray matter surface ( Fig. 3) .
Probing different roles for frontoparietal pathways. Previous studies have highlighted the involvement of a frontostriatal pathway, for the attentional control and filtering of working memory storage in parietal regions McNab and Klingberg, 2008) . In contrast, direct frontoparietal connections were associated with maintenance and boosting of working memory representations in posterior areas via excitatory input from the PFC (Edin et al., 2009 ). Based on these results from functional imaging and modeling, we predicted that WMC in Study 1, involving maintenance and updating of WM content, should rely both on the direct frontoparietal pathway, supporting maintenance, and the indirect pathway, supporting flexible updating. In contrast, we predicted that WMC in Study 2, involving maintenance but no updating of WM content, should only rely on the direct pathway, but not on the indirect pathway.
To test our predictions, we performed probabilistic tractography separately for the direct and indirect frontoparietal pathway. First, three spherical ROIs (right PFC and bilateral PPC; radius ϭ 9 mm) were created at the joint peak of the statistical maps from Study 1 and Study 2 ( Fig. 4A ). Second, probabilistic tracking was performed between the PFC and the PPC ROIs using FSL's probtrackx "matrix option." Tracking from the spherical ROIs ensures that PFC and PPC have the same volume for all participants and across studies and, therefore, rules out that the tractography results are biased by volume differences of the relevant regions.
To separate direct and indirect pathways, the probabilistic tracking was repeated twice. To quantify the connectivity of the indirect pathway, thalamus and basal ganglia were specified as "waypoint mask" for the tracking and only streamlines passing these subcortical structures were taken into account for estimating the connectivity distribution ( Fig. 4 B, C) . For the quantification of the direct pathway, thalamus and basal ganglia were used as "exclusion mask," discarding streamlines that entered the mask. Thalamus and basal ganglia were determined for individual participants using FSL's FAST (Zhang et al., 2001) and registered to the native dMRI space.
Finally, frontoparietal connectivity for the direct and indirect pathways was quantified by dividing the number of streamlines found between PFC and PPC by the total number of sampled streamlines. Resulting connectivity values cannot be directly interpreted as "strength" of the connection but reflect a connectivity probability ranging from 0 (reflecting low connection probability) to 1 (reflecting high connection probability).
A GLM was used to predict individual WMC from the two frontoparietal connectivity estimates (i.e., direct and indirect pathway) and also included age and gender as variables of no interest. Combining these predictors in one model allows us to quantify and contrast the relative contribution of the direct and indirect pathway to WMC. We used nonparametric permutation tests to test for significant differences of the regression weights from 0. To this end, WMC scores were randomly permuted, and we recalculated the GLM analysis with 10,000 permutations. The p value was given by the fraction of shuffles in which the original regression weight was exceeded by the regression weight for the shuffled data. Further, post hoc contrasts were performed to test for differences in regression weights for the direct and indirect pathways. All results were corrected for multiple comparisons using false discovery rate (FDR) (q ϭ 0.05).
Results

Behavioral results
Individual working memory span varied widely across participants (Study 1, 0.71 Ϯ 0.09, mean Ϯ SD; range 0.49 -0.92; Study 2, 11.07 Ϯ 2.95, mean Ϯ SD; range 5-19). No significant correlation was observed between WMC and age (Study 1, r ϭ 0.06, p ϭ 0.64; Study 2, r ϭ Ϫ0.05, p ϭ 0.62), and no significant difference was found between male and female participants (independent t test, Study 1, t (68) ϭ 0.51, p ϭ 0.61; Study 2, t (107) ϭ Ϫ0.12, p ϭ 0.90). No significant differences were found between Study 1 and Study 2 with respect to age (independent t test, A B C Figure 2 . Illustration of the pipeline to construct the large-scale white matter structural networks from diffusion MRI. A, Individual T1-weighted images were segmented into 1040 cortical and subcortical network nodes, and the connectivity probability with all other nodes was estimated using probabilistic tractography (see Materials and Methods). B, Individual connectivity matrices, reflecting the probability that any two nodes are connected, were used to calculate the degree centrality for each node. Degree centrality quantifies the "connectedness" of an individual node with all other nodes in the network (see Materials and Methods). C, Group-averaged degree centrality maps projected onto the gray matter surface, separately for each study.
t (177) ϭ Ϫ0.88, p ϭ 0.38) and gender ( 2 test, 2 ϭ 0.16, p ϭ 0.69). Twenty additional participants, for whom we collected behavioral data from both WM tasks, were used to estimate the similarity of WMC scores between studies. WMC scores from Study 1 and Study 2 were significantly correlated (r ϭ 0.53, p ϭ 0.02), which indicates that both tasks capture similar WM constructs. However, the correlation of r ϭ 0.53 is considerably lower than the specified retest reliability for the WAIS span test used in Study 2 (r ϭ 0.79), which most likely reflects the fact that both tasks focus on different component processes of WM (i.e., specifically the absence of an updating component in Study 2).
Network centrality of frontal and parietal regions predict individual WMC
Our main question was whether white matter structural network properties are predictive of individual WMC. To answer this question, we used probabilistic tractography and graph analysis to quantify the network centrality of 1040 brain regions. The spatial structure of the group-averaged degree centrality maps from Study 1 and Study 2 were highly correlated (in the sense of a correlation of degree centrality values between the two samples across voxels), suggesting that degree centrality reflects fundamental quantitative properties of white matter connectivity (r ϭ 0.99, p Ͻ 0.001).
A whole-brain linear regression analysis was used to predict WMC based on network centrality values derived from diffusion MRI-based tractography (see Materials and Methods). In Study 1, network centrality was predictive of individual WMC in the right lateral PFC (peak: r ϭ 0.36), including the posterior inferior frontal gyrus and the posterior middle frontal gyrus ( Fig. 3; Table  1 ), the bilateral posterior parietal cortex (left peak: r ϭ 0.41; right peak: r ϭ 0.32), and the right superior temporal gyrus (peak: r ϭ 0.34; all p Ͻ 0.05, corrected for multiple comparisons using cluster correction). The cluster in the superior temporal gyrus was continuous with another cluster in the inferior frontal gyrus, lateral orbital gyrus, and posterior orbital gyrus. In Study 2, network centrality was predictive of individual WMC in the same set of brain regions, that is, the right lateral PFC (peak: r ϭ 0.42), including the posterior inferior frontal gyrus, inferior precentral gyrus, and extending to the inferior frontal junction (Derrfuss et al., 2005) , and the bilateral posterior parietal cortex (left peak: r ϭ 0.29, right peak: r ϭ 0.34). A significant correlation in Study 2 was further found in the left frontoparietal operculum, extending to the superior temporal gyrus (peak: r ϭ 0.31; all p Ͻ 0.05, corrected for multiple comparisons using cluster correction; Fig. 3 ; Table 1 ). Participants' age and gender (which were included as variables of no interest into the GLMs) showed no significant correlation with degree centrality (all p Ͼ 0.1, corrected for multiple comparisons using cluster correction). Statistical maps from Study 1 and Study 2 overlapped in the right PFC and in the bilateral PPC ( Fig. 4A; Table 1 ), presenting converging evidence from two independent studies that frontoparietal white matter connectivity is positively correlated with individual WMC.
Distinct anatomical circuits for frontoparietal connectivity
Expanding on these results, we sought to dissociate the functional relevance of two distinct anatomical pathways connecting frontoparietal regions, namely, a direct corticocortical pathway (Klingberg, 2006) and an indirect pathway via subcortical regions (Clower et al., 2005) . Previous studies have suggested that a frontostriatal network is involved in controlling the access to working memory storage in parietal and sensory regions (Pasternak and Greenlee, 2005) and in exerting attentional control to filter irrelevant information that consumes unnecessary capacity O'Reilly and Frank, 2006; McNab and Klingberg, 2008) . Direct corticocortical connections between frontal and parietal cortex, on the other hand, were associated with WM maintenance and with the boosting of working memory representations in posterior areas via excitatory input from the PFC (Edin et al., 2009) .
To test whether these results can be extended to white matter network connectivity, we quantified the relative contributions of the direct and indirect pathways to individual WMC using multiple linear regression (see Materials and Methods). To this end, we took the overlapping PFC and PPC regions from Study 1 and Study 2 ( Fig. 4A; Table 1 ) as starting points to perform probabilistic tractography and estimated the connectivity between these regions via the direct and indirect pathway ( Fig. 4 B, C) , respectively. Here, the direct pathway crosses the corpus callosum and follows approximately the superior longitudinal fasciculus from the right PFC to the bilateral PPC. The indirect pathway routes from the right PFC to the bilateral PPC via basal ganglia (including globus pallidus and striatum) and thalamus. Importantly, our results showed that the probabilities of frontoparietal connections for the direct and indirect pathways were not significantly correlated (Study 1, r ϭ Ϫ0.05, p ϭ 0.70; Study 2, r ϭ Ϫ0.09, p ϭ 0.34), indicating that the two pathways might independently contribute to individual WMC. No significant differences were found between Study 1 and Study 2 for the connectivity estimates of the direct pathway (independent t test, t (177) ϭ 0.11, p ϭ 0.91) and the indirect pathway (independent t test, t (177) ϭ Ϫ1.11, p ϭ 0.27), suggesting that there were no systematic differences between the two populations.
In Study 1, involving maintenance and updating, both the direct pathway (t (66) ϭ 3.56, p ϭ 7.1 ϫ 10 Ϫ4 ) and the indirect pathway (t (66) ϭ 2.54, p ϭ 0.014) revealed a significant and positive association with individual WMC (Fig. 5) . In contrast, results for Study 2, involving maintenance but no updating of WM content, indicated that only the direct pathway (t (105) ϭ 3.28, p ϭ 1.4 ϫ 10 Ϫ3 ) had a significant and positive association with individual WMC. Regression weights for the indirect pathway were not significantly different from 0 (t (105) ϭ 0.28, p ϭ 0.78). Contrasting the relative contributions of the two pathways within each study showed that the direct pathway has a significantly stronger contribution to individual WMC compared with the indirect pathway both in Study 1 (t (68) ϭ 2.40, p ϭ 0.019) and Study 2 (t (107) ϭ 3.15, p ϭ 2.1 ϫ 10 Ϫ3 ). All p values were corrected for multiple comparisons using FDR (q ϭ 0.05). Finally, the data from Study 1 and Study 2 were combined to perform post hoc analyses to test statistically the difference in involvement of the indirect pathway between the two studies (i.e., in the form of study ϫ pathway interactions). The study ϫ indirect pathway interaction was significant (F (1,171) ϭ 3.99, p ϭ 0.04), confirming our hypothesis that the indirect pathway was only predictive of WMC when the task required maintenance and frequent updating of WM content (i.e., as in Study 1). In contrast, the study ϫ direct pathway interaction was not significant (F (1,171) ϭ 0.84, p ϭ 0.36), highlighting the relevance of the direct pathway for both working memory tasks.
Together, these results indicate that high-capacity individuals showed higher frontoparietal white matter structural connectivity than individuals with lower WM capacity. Further, the analysis of two anatomical pathways connecting frontal and parietal regions revealed that the direct corticocortical pathway had a relatively stronger influence on individual WMC compared with the indirect subcortically mediated pathway. Importantly, the indirect pathway, in previous functional neuroimaging studies A B C Figure 4 . Probing different roles of frontoparietal pathways for individual WMC. A, Brain regions where white matter connectivity was significantly correlated with individual WMC in Study 1 (red) and Study 2 (blue). The overlap (green) was used to create spherical ROIs (radius ϭ 9 mm). B, Probabilistic tractography was performed between the right PFC and bilateral PPC ROIs. Shaded ROI represents the left-hemispheric PPC. Connectivity of the direct pathway (left) was estimated by excluding streamlines that passed through thalamus (Th) and basal ganglia (BG). Connectivity for the indirect pathway (right) was estimated by counting only streamlines that passed through Th and BG (see Materials and Methods). Shown is the local group-averaged connectivity distribution. C, Same as in B for Study 2. Th, Thalamus; BG, basal ganglia.
associated with flexible updating of WM content, was only significantly correlated with WMC when the task required updating of WM content (i.e., in Study 1 but not in Study 2). This distinction points to a dissociation of the two anatomical pathways with respect to their functional relevance.
Discussion
Working memory has been associated with a distributed network of brain regions in humans (Jonides et al., 1993; Cohen et al., 1997; Courtney et al., 1998; Pessoa et al., 2002; Rottschy et al., 2012; Nee et al., 2013) and nonhuman primates (Fuster, 1990; Goldman-Rakic, 1996) . Theories of working memory (Baddeley, 2003) suggest that this network can be broadly divided into areas that maintain and store information and areas that contribute to the top-down control and manipulation of working memory contents. Here we present evidence that the way these two systems are interconnected contributes to individual differences in WMC.
Investigating large-scale white matter connectivity networks, we found that the connectivity of the PFC and PPC is positively correlated with individual WMC. The positive correlation of PFC connectivity with individual WMC is consistent with the general notion of the PFC as an important control region for working memory (Kane and Engle, 2002; Curtis and D'Esposito, 2003; Nee et al., 2013) . Multiple studies have shown that the PFC has connections to large parts of the cortex, suggesting that PFC is in an ideal position to integrate and coordinate information processing in various brain regions. Our findings are in line with this interpretation, as higher network centrality for high-capacity individuals might facilitate these top-down processes (Kane and Engle, 2002) .
The PFC is also strongly connected via multiple recurrent circuits with the basal ganglia and thalamus (Alexander et al., 1986) . In a computational model, suggest that the basal ganglia contribute a selective gating mechanism that enables flexible updating of working memory representations based on current goals. The basal ganglia have previously been shown to be involved in working memory tasks (Postle and D'Esposito, 1999; Lewis et al., 2004; Cools et al., 2008) , and activity in the basal ganglia was associated with the preparation for filtering items during working memory encoding (McNab and Klingberg, 2008) , supporting the view that the PFC controls access to working memory via subcortical mechanisms (O'Reilly and Frank, 2006; Chatham et al., 2014) . Our results that highcapacity individuals show more pronounced frontoparietal connectivity via the subcortical pathway are thus in line with the notion that individual WMC differences are partly due to differences in the efficiency with which bias signals emanating from the PFC filter irrelevant items from working memory (Rainer et al., 1998; Miller and Cohen, 2001; McNab and Klingberg, 2008) .
The PPC has previously been identified as a key region for the representation of working memory items (Todd and Marois, 2005; Palva et al., 2010) . Activity in the PPC is closely linked to the amount of stored information (Todd and Marois, 2004; Vogel and Machizawa, 2004) and was found to be higher in correct compared with incorrect maintenance delays (Pessoa et al., 2002) . Further, working memory training has been shown to increase white matter connectivity in the parietal cortex (Takeuchi et al., 2010) . In sum, our results indicate that PFC and PPC interact via two distinct anatomical pathways: a direct, corticocortical pathway and an indirect, subcortical pathway. Different cognitive aspects of WMC, according to our data, are linked to the differential involvement of these two pathways.
Theoretical implications and future directions
In many models of working memory (e.g., Rowe et al., 2000; Baddeley, 2003; Curtis and D'Esposito, 2003) , the PFC is not conceptualized as a region for the storage of memory representations but rather as a source of top-down biasing control over posterior and sensory regions that actually represent the to-be-stored information (Miller and Desimone, 1994; Curtis and D'Esposito, 2003; Vogel and Machizawa, 2004; Pasternak and Greenlee, 2005; Palva et al., 2010) . In this view, the PFC boosts memory representations in posterior areas via excitatory input (Edin et al., 2009) to rehearse and to keep to-be-remembered items in an activated state. This mechanism is also thought to guard items against distraction and allows for stable working memory representations (Sakai and Passingham, 2003; Edin et al., 2009) . At the same time, the PFC, in orchestra with subcortical regions, exerts attentional updating and filtering processes to free occupied capacity from irrelevant information (Curtis and D'Esposito, 2003; Vogel et al., 2005; McNab and Klingberg, 2008) .
Although the neural code that underlies these boosting and filtering processes is not yet sufficiently understood, our results imply a differential role of corticocortical and subcortical pathways for individual differences in WMC. Our results suggest that the two structural pathways are associated with different functions with regard to boosting and filtering processes. In terms of neural code, the corticocortical frontoparietal pathway could be responsible for boosting memory representations, whereas the subcortical pathway, via basal ganglia and thalamus, would constitute a flexible gating mechanism that is critical both for filtering irrelevant information and for updating WM with novel contents. During a complex working memory task, as used in Study 1 of the present study, these two mechanisms would need to work closely together to achieve optimal performance, as participants were required to store new items, update existing ones, and rehearse nonupdated items on each trial. However, the precise subcortical pathways influencing frontoparietal interactions are not well understood. Although the frontal lobe is considered the main cortical target of basal ganglia outputs (Alexander et al., 1986) , Clower et al. (2005) found that the substantia nigra also targets the PPC. Following this argument, individual performance in simple WM tasks, as in Study 2 of the present study, that only require the storage and rehearsal of new information (Nagy et al., 2004; Karlsgodt et al., 2008; Takeuchi et al., 2010) , might profit from strong, direct, frontoparietal connections, whereas performance in complex working memory tasks that also require the flexible updating of working memory contents depends to a greater extent on subcortically mediated attentional selection and filtering processes (Conway et al., 2005) .
Although this interpretation finds some initial support from computational models , it is still an open question whether the PFC is also involved in maintaining items or solely focused on executive components, such as the aforementioned filtering processes (Rowe et al., 2000; Curtis and D'Esposito, 2003) . Furthermore, deciphering the neuronal code that is potentially associated with these distinct pathways is a challenging direction for future studies. In that respect, studying the structure of anatomical networks is limited in its functional interpretation. The present results can inform existing models of WMC about the differential role of white matter tracts for frontoparietal connectivity; however, all speculations about their functional properties have to be validated using functional imaging techniques, such as EEG/MEG or fMRI. Still, given the difficulties of investigating direct versus indirect modulations with, for instance, fMRI (Smith et al., 2011) , we see our results as a significant contribution to a better understanding of the neurobiological underpinnings of individual differences in WMC.
Most previous studies that have investigated white matter contributions to individual WMC differences focused on local white matter integrity of individual regions (Olesen et al., 2003; Nagy et al., 2004) . For the results reported here, it has been crucial to apply a network approach to investigate how these regions are interconnected. Although previous studies revealed that white matter integrity of the frontal cortex is positively correlated with individual WMC (Nagy et al., 2004) , we see it as an important achievement of our study to conceptualize these white matter properties as differences in the connectivity with other brain regions. Importantly, these findings integrate nicely with existing working memory models O'Reilly and Frank, 2006) and might prospectively help to demarcate WMC from closely related concepts, such as general intelligence, for which the frontal connectivity pattern has been shown to be rather global in its origin and to involve a large network of other brain regions (Cole et al., 2012) .
However, one might argue that the network approach chosen here comes with the cost of added complexity. Studies that investigated structural network metrics (such as the degree centrality measure used here) with respect to their physiological plausibility are scarce, which in turn limits their interpretability (Jbabdi et al., 2013; Johansen-Berg, 2013 ). In addition, it is not yet well understood how certain parameters of the network analysis, such as the choice of network nodes (Fornito et al., 2013) or different network metrics (Ekman et al., 2012) , influence the results. In light of this, we argue that future studies might profit from combining network analyses with well-established analysis methods. In the current study, the degree centrality metric was only used in a first step to identify regions that were predictive of individual WMC. All subsequent investigations of differential PFC connectivity followed more conventional analysis methods. However, future studies will have to show whether there are more appropriate network metrics for the study of anatomical brain networks (Passingham, 2013; for similar conclusions, see Johansen-Berg, 2013) . A potential shortcoming of our study is that independent populations of participants performed the two WM tasks. Therefore, we cannot exclude the possibility that systematic differences between the populations in variables not measured might have had some influence on the results. However, the populations were well matched in terms of relevant demographic variables, and our analyses show that the distributions of white matter connectivity estimates are very similar across populations. This issue is further mitigated by the relatively large sample sizes in both studies.
In conclusion, our data demonstrate that differences in WMC can be reliably predicted from white matter network connectivity. The identified differences in the anatomical circuitry highlight an important dissociation between subcortical and corticocortical pathways for frontoparietal connectivity and are in line with the attentional filtering account of WMC.
